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Abstract 
The increasing use of automobiles has had significant negative impacts on urban life: pollution, excessive energy use and time 
lost in traffic. The quick rise of auto externalities has policy makers facing the hard challenge of balancing demand for mobility 
on the one hand, and assuring sustainable urban life on the other. One strategy that can aid reducing these externalities is 
carsharing. Carsharing typically involves a fleet of vehicles in stations around a city, which clients may use on an hourly payment 
basis. Classical round-trip systems only address a niche market of urban trips such as shopping and errands, and few companies 
have risked the one-way carsharing option in the past due to vehicle stocks imbalance. Currently these systems are gaining new 
attention with important car builders investing in providing the one-way market in many cities in Europe and the United States. 
Nevertheless, there is still great uncertainty on the financial and economic viability of this type of carsharing. This results from a 
lack of realistic modeling tools that allow testing several operational parameters of this transportation alternative. In this paper we 
present a very detailed and realistic model to assess the potential of one way carsharing systems done through the use of agent 
based simulation. The simulation incorporates a stochastic demand model discretized in time and space and a detailed road 
network. It aims to assess the economic performance of the system both from the users’ perspective and the carsharing operator. 
The performance is a function of several planning and operational decisions which are included in the model: fleet size; station or 
free parking areas location decision; pricing policies. Some lower level configurations are also analyzed, such as an information 
system, vehicle reservation and maintenance operations scheduling. This paper focuses on the analysis of the spatial distribution 
and fleet size impacts on the demand for this transport option. This model was developed for the city of Lisbon, but its flexible 
architecture allows it to be adapted to different cities. Therefore this may become a tool that government authorities can use to 
rigorously estimate carsharing impacts and at the same time help private companies to manage their systems better. 
© 2014 The Authors. Published by Elsevier B. V. 
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1. Introduction 
A carsharing service usually provides its members access to a fleet of vehicles, which can be rented for short 
periods (Barth and Shaheen, 2002). These services enhance the mobility options of the users, complementing public 
transit and potentially reducing the need of owning a private car (Shaheen and Cohen, 2007). 
There are essentially two types of carsharing: round-trip, in which users must return the car to its departing point, 
and one-way, in which users may drop off the car anywhere within the designated areas. Round-trip systems are 
generally used for errands or shopping, since the renting scheme makes them unsuitable for commuting or for other 
long duration activities (Barth and Shaheen, 2002) . One-way systems are more flexible for the client, but impose 
more difficulties to the operator. They are harder to manage, as the freedom given to the users is bound to create 
imbalances on the distribution of the fleet (Martin et al., 2010). To compensate this disequilibrium, the operator can 
relocate the vehicles from areas with excess of supply to those where the demand is greater, but these operations 
require a good logistic system, and are quite costly even when optimized (Jorge et al.; Shaheen et al., 2006). 
Round-trip carsharing is far more common, but over the last five years there has been a significant growth of 
one-way programs, either station-based (in which cars are grouped in parking spaces under the operator’s 
responsibility) or free-floating (in which cars may be parked anywhere on the street, as long as it is legal and within 
the service area). However, despite this growth, there is still uncertainty on whether these programs are financially 
and economically viable (Shaheen et al., 2006). 
Since one-way systems are fairly recent, there is a lack of studies that evaluate the viability of these programs. 
Therefore, we need appropriate modeling tools that can accurately represent the functioning of such systems and 
subsequently test different configurations (Hampshire and Sinha, 2011; Jorge and Correia, 2013). The success of a 
carsharing program depends on the availability of the vehicles at the time and place they are requested. An agent 
based model provides a good context to test this availability, as well as people’s choices and behaviors.  
2. Agent Based Model 
In this paper we developed an agent based model that represents the daily operation of a hypothetical carsharing 
program operating in the city of Lisbon. 
The city is characterized by its road network, represented through a set of nodes and arcs. Each of them has 
associated a travel time, which depends on the time of the day. Using the Dijkstra’s shortest path algorithm we can 
obtain the optimal path between any two nodes of the network. The city is divided in a homogeneous grid with cells’ 
size of 200x200 meters. 
The hypothetical carsharing that we model is a station-based one-way system: users can pick up a car at a station 
where there are vehicles available, and are free to drop off the car at any station with available parking spaces. 
An optimization model was developed to estimate the location and relative dimension of the stations, based on 
the mobility patterns of Lisbon. This model was adapted from the traditional p-median formulation, minimizing the 
distance of travel origins to carsharing stations, selecting the network nodes as potential candidates and imposing the 
constraint of not having two stations less than 250 meters apart. This formulation was adapted from previous 
applications to the case study (Correia and Antunes, 2012; Eiro et al., 2011). The tested locations did not take into 
account real life availability of space. 
The capacity of each station is obtained by rounding the quotient between the total number of parking spaces 
(defined as a parameter at the beginning of the simulation) and the station’s relative dimension. If a station’s 
capacity equals zero, the station will not be active during that simulation. Only when the number of parking spaces 
is above 1732 all 181 potential stations are active. 
The agents of this model are the customers and the carsharing operator, which controls two other reactive agents: 
the car fleet and the staff.  
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2.1. Demand 
Based on an extensive mobility survey conducted in Lisbon (Câmara Municipal de Lisboa, 2005), we created a 
synthetic population of trips within the city, aggregated by the aforementioned grids. The used synthetic travel 
simulation model was developed and calibrated for the LMA in previous studies, using as input detailed travel data 
from a mobility survey as a mobility seed, information about land use data, which set the probability of trip origins 
and destinations, and the transport network specification to assess the travel time between activities and the total 
travel time budget for each synthetic person. The model output contains all the trip extremes not only discretized in 
space (at the census block level) but also in time (presenting different trip departure and arrival times) for a synthetic 
week day (Viegas and Martinez, 2010). 
To introduce stochasticity in the model, the number of trips that actually occur between two grids at each hour, 
was formulated as a statistical distribution of average number of trips per hour. The model generates those trips 
using a Poisson distribution with λ equal to the average number of hourly trips. 
Each trip is characterized not only by its time of occurrence, origin and destination (random nodes within the 
respective grid-cell), but also by the trip purpose, the traveler’s age and by whether or not they have a transit pass. 
Additionally, based on Census data and other mobility surveys (Martinez and Viegas, 2009; Moura et al., 2007; 
Santos et al., 2011), each trip is further characterized by the traveler’s gender, income and by whether they have 
access to a driving license, a car, a motorcycle, a parking place at home and a parking place at work. The purpose of 
the trip determines the activity time, which can be used to calculate parking costs. 
The destination grids are characterized by parking cost and parking pressure (relationship between demand and 
supply of parking spaces), both depending on time of day, linking the available demand data with the statistics and 
pricing of the municipal parking manager (EMEL)†. 
For each possible transport mode – car, motorcycle, taxi, walking, bus or tram, subway or suburban train, a 
combination between light and heavy transport modes, and carsharing – the trip is characterized by access time, 
waiting time, travel time, cost and number of transfers (if applicable) (Santos et al., 2011). At this stage, carsharing 
attributes depend only on the distribution of the stations and not on the actual availability of cars and parking places. 
To determine the modal choice of the passenger, the agent based model has incorporated the discrete choice 
model described in (Eiró and Martínez, 2014). The original model aimed at assessing the impact of new shared 
mobility options in the Lisbon Metropolitan Area using stated preferences data. The original model was slightly 
adapted, since we do not take into consideration other alternative modes such as minibus, carpooling and shared 
taxi. Having the full characterization of the trip as input, the model calculates the utility of each mode and returns 
the modal choice. 
Since the option of carsharing can be deactivated, the model can be used to study the modal shift resulting from 
the introduction of carsharing. 
When the model returns carsharing as the mode choice, a new customer (agent) is generated, with the attributes 
departure node, arrival node and starting time. If the purpose of the trip was shopping or leisure, customers will 
also be characterized by the attribute activity time. 
Currently, one customer is equivalent to one trip, which means customers do not cluster in parties or either have 
memory and therefore previous experience using carsharing services do not impact future choices. It also means that 
each decision is made individually and does not consider the other trips and activities the customer would do on that 
day; nor the daily routines of their family.  
2.2. Customers 
Figure 1 describes the behavior of a customer since they enter the system. 
 
 
 
† Data retrieved from the website <http://www.emel.pt> at January 2014. 
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Fig. 1 - Simulation flowchart of customers 
Customers’ first step is to choose their pickup and drop-off stations. Since it is assumed that they have access to 
information regarding the vehicles’ distribution, they select the nearest station to their departure point with available 
vehicles and the nearest station to their arrival point with available parking places. If there are no such stations 
within a reasonable walking distance, they leave the system (exit). 
The reasonable walking distance is determined by the accessibility functions calibrated to Lisbon in previous 
studies defined in (Martínez and Viegas, 2013). For this study, as the access to carsharing stations was not surveyed, 
we will consider the willingness to walk to a carsharing station equivalent to a bus stop. 
Once customers have chosen the pickup station, they walk until they arrive there. Since the system does not 
allow reservations, it is possible that they find no cars available – meaning they were picked up by other costumers 
between the moment of decision and the moment of arrival. When that happens, customers wait for a short period - a 
random number given by a normal distribution (mean = 5 min, standard deviation = 2 min) - for the arrival of a new 
car. If by the end of that period no car has arrived, they give up and leave the system. 
When there is a car available at the station, customers pick up the car and start the rental period. When they 
arrive to the final station, they drop off the car and the trip pricing is calculated. Afterwards they walk to their 
destination, at which point their trip is completed and they leave the system. 
If the purpose of the trip is shopping or leisure, customers will keep the car for the duration of that activity, even 
while the car is parked. We considered the destination point as the place where the activity takes place, being the 
pickup station also the drop-off station. 
When returning the car, customers can find their intended station completely full, in which case they will go to 
the nearest station with available parking places. 
These activities (shopping and looking for a new station) take place while the customer is using the car, and for 
that reason are further detailed in the simulation flowchart of the car agent.  
2.3. Cars 
Figure 2 describes the behavior of a car during its daily operations. When entering the system, cars are assigned 
to a station. This distribution is done proportionally to the stations’ capacity. 
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Fig. 2 - Simulation flowchart of cars 
Customer 
If a car is parked at a station, and is not scheduled for maintenance or relocation, it is free to be used by a 
customer. When customers arrive, they pick up the car and drive it to the intended drop-off station. If a customer is 
going shopping, the car will be driven to the destination node of the customer and will remain there for the duration 
of the activity. Afterwards, the customer will drop off the car at the same station where it was picked up.  
As it was referred, if the intended drop-off station happens to be full, customers will drive the car to the nearest 
station with available places. If the next station is also full, they will select a new station, and repeat the process until 
they find a free place. When the car is finally parked at a station, the trip is over and the car becomes available for 
the next customer or for maintenance and relocation operations. 
 
Maintenance 
Each time a car reenters a station, an assessment is made on its needs for maintenance. There are three 
maintenance operations: refueling, cleaning and inspection. A car must refuel if it has traveled over 300 km since 
the last time it was refueled, and must go to inspection if it has traveled over 2500 km since the last inspection. A 
car is sent for cleaning when a customer informs the system the car is dirty. The probability of this to occur 
increases as the number of customers’ rides since last cleaning increases, each car being cleaned on average one 
time per 18 rides. 
When a car needs maintenance, it becomes unavailable to customers. A request is sent to the operator and the 
nearest available staff member is assigned to the car. If there are no staff members available, the car will wait until 
one of them is free. After the staff member is assigned, the car must wait for them to arrive. 
To refuel the car, the staff member must select the nearest gas pump, and drive the car there. After refueling, the 
staff member drives the car to the nearest station with available places. If by the moment they arrive there the station 
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is full, a new station will be selected, and the process will continue until a free place is found.  
When taking a car to inspection, the staff member drives the car to the nearest garage and leaves the car there. 
Since inspection takes several hours, the staff member does not remain with the car. When inspection is over, a new 
request for a staff member is sent, repeating the early explained process. After the staff member arrives, the car is 
driven to the nearest station with available places. 
Cleaning operations take place at the station where the car is parked.  
After parking the car at a station, the staff member leaves the car, making it available to customers again. 
 
Relocation 
If a car is assigned to be relocated (which implies it already has a staff member assigned to that task), it becomes 
unavailable to customers. After waiting for the assigned staff member to arrive, the car is driven to its new station. If 
by chance the new station is full, the car will be driven to the nearest station with available parking, until it can 
finally be parked. When it does so, it becomes available to customers once again. 
2.4. Staff 
Figure 3 describes the behavior of a staff member since they are hired. 
 
 
Fig. 3 - Simulation flowchart of the staff members 
When entering the system, staff members are assigned to one of the company’s depot and to one working shift 
(morning, afternoon, night, morning peak, afternoon peak). 
We consider that staff moves around in foldable scooters that can be carried by the rental cars (which would be 
important for relocations). This means they move on the same network than the cars, and are subject to the same 
constraints. 
A staff member will remain in the office until he is assigned to a car. They will then drive their scooter and 
perform the task they were sent for. When the work is done, they become available again, and will remain at the 
same station for a short period. If they are called during that period, they will go to the car they were assigned to 
(which can be parked at the same station they are at) and perform the new task. If when that period ends they have 
not been called, they will start to drive back to the nearest depot. However, they can be called while they are moving 
– it is assumed the company keeps track of the location not only of its cars but also of its staff. 
When staff’s shift ends, they go off-duty. If they are performing a task, they will complete it, and drive back to 
the nearest depot before going off-duty. When their shift starts again, they will resume work at the same depot 
where they ended their previous shift. 
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3. Testing 
The model generates around 1,150,000 daily trips within Lisbon. Given the pricing scheme described below, if 
all 181 stations are active, around 30,000 people per day choose carsharing (about 2.5% of the total).  
Considering these numbers, we tested four different fleet sizes, ranging from about 1 car per 40 potential trips to 
1 car per 15 potential trips. We also tested the ratio between parking places and number of cars, considering the 
cases of the first being the double or the triple of the second. The combination of these parameters leads to eight 
different simulations. The simulations were run for a period of five days, taking about five hours each to complete. 
Even though the model is prepared to have relocation operations, we were unable to find an algorithm that would 
effectively enhance the efficacy of the system. As such, the option to have relocations was not activated for any of 
the simulations. 
While there are other configurations that could be tested, such as the availability of information for the 
customers, the scheduling of maintenance operations or different pricing schemes, we decided to focus on those 
variables that are related to the size, distribution and availability of the fleet. 
The staff dimension was estimated by running some simulations with unlimited staff and analyzing the number 
of busy hours and their distribution throughout the day. 
In Table 1 we present the parameters that were tested as well as those that are common to all of the simulations. 
Table 1 – Parameters of the simulations 
Fixed Parameters  Testing parameters 
Type Name Value Unit  Dimension of the fleet 
Ratio 
places/cars 
Pricing Time pricing 0.29 € / minute  750 
2.0 Stop-over pricing 0.19 € / minute  1000 
Costs Stations Parking 2.00 € / place.day  1500 
3.0 
Cars Fuel 0.10 € / km  2000 
Depreciation 17.00 € / day    
Insurance 1.00 € / day    
Staff 
 
Wages 4.00 € / hour    
Insurance 1.00 € / day    
Fuel 0.02 € / km    
Vehicles 5.00 € / day    
 
Since the day is the basic time unit of our model, all operating costs for the company are indexed to the day. 
Regarding the pricing scheme for the customer, there is no annuity nor registration fee, and the trip pricing is based 
on the rental rates of car2go. The cost attributed to the car fleet acquisition and usage were based on previous tests 
for the city of Lisbon (Jorge et al.). The operational costs of the staff mobility were set considering the usage of a 
foldable scooter. 
4. Results and Discussion 
Some indicators were chosen to evaluate the performance of the system. The model was run for a period of five 
days and all results refer to an average day considering that period of analysis. 
The operator’s performance is evaluated through an economic perspective, considering its revenues, costs and 
profits. However, it is important to stress that the contemplated costs are only the operational ones, and therefore 
there are other costs for the company that were not taken into account, such as management, advertising, taxes, 
among others. To evaluate the company’s performance from an operational point of view, we selected some 
indicators related to its fleet of vehicles (average rides with a customer during a day; average occupancy rate; 
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average unavailable time due to maintenance) and to its staff (activity rate). 
Another important indicator is the comparison between the number of completed trips in carsharing and the 
number of people that, according to the discrete choice model, choose this option. The latter is fairly constant across 
the simulations, suffering only small random fluctuations, but the former can vary significantly. We also indicate the 
modal share of carsharing, taking into account only the completed trips. 
At this stage of the research, customers do not have memory and as such their choices are not affected by past 
events. It is not possible therefore to assess the effects of the quality (or lack of it) of the service on the profits of the 
company. It is possible, however, to evaluate the quality of the service on the short run through some indicators. 
Customers’ wasted time (which can result from either waiting for a car at the departing station or from having to 
park the car at a different station than the intended one) is analyzed through the percentage of people who wasted 
over five minutes during the course of their carsharing trip. 
We developed a tentative indicator to evaluate global satisfaction: each customer who exits scores -1; each 
customer who gives up scores -3; each customer who completes a trip scores 10, but for each extra station they had 
to visit, there is a penalization of 5 (which means that if, for example, they had to try three stations before being able 
to park the car, they would score -5). The structure of this indicator and the parameters used for the scoring should 
be refined in later stages of this study either by developing a dedicated survey or a focus group exercise. We present 
the average satisfaction per potential customer. 
The value for each of these indicators is presented in Tables 2 and 3. 
Table 2 – Results 
Parameters Operator's Performance 
Economic Cars Staff 
Number 
Cars 
Staff 
Dimension 
Ratio 
Places 
/Cars 
Revenues Costs Profits Average Rides 
Average 
Occupancy 
Rate 
Average 
Unavailable 
Time 
Activity 
Rate 
750 100 
2 388 K€ 148 K€ 240 K€ 28 23% 4% 76% 
3 364 K€ 154 K€ 209 K€ 28 21% 4% 76% 
1000 112 
2 413 K€ 181 K€ 232 K€ 22 18% 3% 72% 
3 387 K€ 189 K€ 198 K€ 22 17% 3% 67% 
1500 120 
2 438 K€ 241 K€ 197 K€ 16 13% 2% 69% 
3 409 K€ 253 K€ 156 K€ 16 12% 2% 68% 
2000 126 
2 440 K€ 297 K€ 143 K€ 12 10% 2% 68% 
3 420 K€ 315 K€ 105 K€ 12 9% 2% 65% 
Table 3 – Results (continuation) 
Parameters Trips Customers 
Number 
Cars 
Staff 
Dimension 
Ratio 
Places 
/Cars 
Potential 
Trips 
Completed 
Trips (%) 
Modal 
Share 
Average 
Satisfaction 
Over 5 
Minutes 
Wasted 
750 100 
2 29228 20788 71% 1.8% 5.6 17.5% 
3 29182 20626 71% 1.8% 5.9 12.2% 
1000 112 
2 29309 22089 75% 1.9% 6.1 16.3% 
3 29262 21860 75% 1.9% 6.5 11.1% 
1500 120 
2 29296 23653 81% 2.1% 7.0 13.5% 
3 29193 23340 80% 2.0% 7.3 9.1% 
2000 126 
2 29211 24309 83% 2.1% 7.5 11.0% 
3 29177 23936 82% 2.1% 7.6 7.8% 
 
As it would be expectable, a larger fleet leads to a greater satisfied demand, but the marginal benefit of each car 
decreases as the fleet size increases. The increase in average satisfaction follows the same pattern. 
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A smaller fleet garners greater profits, but it also implies less satisfied demand and reduced customers’ 
satisfaction, which could, in the long run, alienate customers, effectively diminishing the profits. 
An increase of the ratio places/cars leads not only to an increase in costs, but also to a decrease in revenues. 
Having more parking places can lead to greater imbalances on the distribution of the fleet, leading to a decrease in 
satisfied demand. A higher ratio leads to an improvement on the indicators over 5 minutes wasted and average 
satisfaction, but the latter does not increase significantly. 
Staff’s activity varies between 65% and 76%, meaning that even in the best case presented, staff members spend 
almost a quarter of their time inactive. This inefficiency comes from an unevenly distribution on the need for staff 
over the course of one day. While the shift distribution already mitigates this problem, it can be further optimized. 
Ideally staff would be hired on a need-to basis, but this can prove to be logistically impossible. However, even with 
an optimal allocation of resources, staff’s activity rate will never be optimal – having staff available whenever a car 
calls for one comes at a price. 
While cars are being used a respectable number of times over the course of one day, especially for simulations 
750 and 1000, their occupancy rate is quite low, because most trips are rather short. Even with a low occupancy rate, 
there is still a significant unsatisfied demand, which results from the uneven distribution of potential trips during the 
day. To analyze this distribution, we chose data concerning the simulation (1000 cars; ratio 2.0): 
Fig. 4 - Potential trips and completed trips of an average carsharing day 
We can observe that there is a significant peak of demand around 8:00 AM – morning rush hour. The afternoon 
peak is not as pronounced, since it is distributed over a longer period of time. The number of unsatisfied trips 
reaches over 1000 at 8:00, meaning that around 35% of the potential customers are not able to use carsharing as they 
intended. On future phases of the research, where customers have memory and their choices will be conditioned by 
the quality of the service, this information might be an important decision factor. 
5. Conclusions 
x The demand for carsharing is distributed unevenly over the course of one day, peaking significantly around 
8:00 AM. This demand can be satisfied by having a large fleet, but it leads to higher costs and a low occupancy 
rate through the day. 
x The uneven distribution of trips in time and space causes an uneven distribution of the fleet. Not only this leads 
to unsatisfied demand, but the fact of having some of the stations full may force customers to park their car very 
far from the intended point, creating severe dissatisfaction. 
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x A ratio of three places per car represents a significant increase in costs while not increasing that significantly 
revenues or customers’ satisfaction. A ratio of two places per car presents a better equilibrium between costs 
and satisfaction. 
6. Further Developments 
x Further optimize fleet and staff dimension. 
x Test the effect of minor different configurations.  
x Develop a relocating algorithm that minimizes unbalances on the fleet distribution, increasing revenues and 
customers’ satisfaction. 
x Convert the model from trip-based to person-based (decisions will take into account users’ daily activities and 
past experiences with the system). 
x Study the effects of introducing carsharing in a city, in terms of modal shift and changes in mobility patterns, 
but also in terms of social gains regarding travel budget and accessibility. 
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